The potential for increased loads of dissolved organic carbon (DOC) in streams and rivers is a concern for regulating the water quality in water supply watersheds. With increasing hydroclimatic variability related to global warming and shifts in forest ecosystem community and structure, understanding and predicting the magnitude and variability of watershed supply and transport of DOC over multiple time scales have become important research and management goals. In this study, we use a distributed process-based ecohydrological model (Regional Hydro-Ecological Simulation System These models will be useful to evaluate different forest management approaches toward mitigating water quality concerns.
The Catskill/Delaware water supply watersheds, located west of the Hudson River in New York State, supply approximately 90% of the drinking water to New York City (NYC). The Catskill/Delaware supply is the largest unfiltered water supply system in North America.
Maintaining the high quality of water produced from these watersheds is critical for a clean and sustainable water supply. Increased dissolved organic carbon (DOC) concentrations were observed through the early 2000s (Burns, McHale, Driscoll, & Roy, 2006) , but stream DOC concentrations appear to now be decreasing (Son, Lin, Band, & Owens, 2018) . Increased DOC is a concern for water supply of NYC watersheds as it may be related to increased potential for formation of carcinogenic disinfection by-products, which are regulated under drinking water standards (Mukundan & Van Dreason, 2014) .
Although recent trends show decreased DOC concentrations, increasing temperature and extreme hydrologic events in the region have the potential to increase peak DOC loading in this region, particularly during and following large storm events. For example, Hurricane Irene (August 2011) resulted in export of roughly 43% of the average annual DOC load in the Esopus Creek watershed, part of the Catskill/Delaware water supply system (Yoon & Raymond, 2012) .
Reductions in atmospheric acid deposition with the implementation of the Clean Air Act has altered soil and stream biogeochemistry. In northern Europe and North America, reductions of acid deposition have been suggested as a cause of increasing DOC) (Evans, Monteith, & Cooper, 2005; Findlay, 2005; Burns et al., 2006; Roulet & Moore, 2006) , but the recent overall reduction and potentially increased variance of loads remains poorly understood.
Major sources of DOC from forested watersheds are decaying plant materials and soil organic matter (SOM). Besides biological processes, such as ecosystem productivity and soil biogeochemical cycling rates, hydrological processes also contribute to the temporal and spatial variability of DOC production and transport. These hydrological processes include variations in groundwater levels, subsurface flow rates, soil moisture and resulting biogeochemical states and transformations, and flow path distributions from DOC source to the stream (Boyer, Hornberger, Bencala, & McKnight, 1996) . Vegetation phenology can control hydrologic conditions (vegetation water use, soil moisture, groundwater levels, and streamflow) and DOC transport to stream by influencing the timing and magnitude of forest leaf out and senescence, including litter fall (Hwang et al., 2014) .
Hydrologic conditions and landscape connectivity also affect the timing and magnitude of DOC to the stream. Laudon et al. (2011) demonstrated that hydrologic function controls the temporal variability of DOC in smaller, homogenous catchments, whereas in larger, more heterogeneous catchments, the combined effects of hydrologic function and the landscape connectivity along with wetland and forested area patterns influence DOC export. McGlynn and McDonnell (2004) showed that connectivity of riparian zone and hillslope is an important control of stream DOC concentration and fluxes. In forest watersheds in the north-eastern Unites States, high flow events can transport 86% of DOC annual loads (Raymond & Saiers, 2010) . This observation supports the flushing mechanism paradigm that near surface high SOM sources are mobilized to the stream by rising saturation levels during rainfall or snowmelt events. In addition to the flushing mechanism in high flow conditions, groundwater contribution to stream chemistry from large recharge events can have lagged impacts on low flow amounts and quality (Burns, Murdoch, Lawrence, & Michel, 1998) .
We hypothesize that the amount and timing of DOC loading is significantly influenced by 1. Seasonal inter-annual variability of forest ecosystem phenology through its control of soil moisture and flushing dynamics, and the timing of leaf fall and decomposition, and 2. The hydrologic connectivity of deep groundwater flux through riparian zones. We study these hypotheses utilizing both long-term data on streamflow and DOC loads and detailed spatial data on terrain, canopy, and soils in a water supply catchment and a process-based ecohydrological that explicitly incorporates spatially distributed interactions and feedbacks between water, carbon and nitrogen cycling, forest canopy dynamics, and hydrologic flow paths at a daily time step. The combination of these approaches allows us to test the hypotheses by posing different model structures successively incorporating these effects and provides the potential to link this understanding with forest management to mitigate potential water quality problems.
Process-based models have the potential to simulate these complexes, coupled DOC processes in watersheds. These models need to include key processes such as DOC production from various sources, carbon cycling, vegetation growth, and decomposition rates that depend on the carbon/nitrogen (C/N) ratio, soil retention, and DOC transport to streams through various hydrologic flow paths.
The complexity of existing model approaches varies. One set of catchment model approaches couples conceptual hydrologic models (e.g., TOPMODEL or HBV) with a simple DOC production model (e.g., Hornberger, Bencala, & McKnight, 1994) and soil adsorption/DOC leaching functions with constant spatial-temporal constant litter inputs and root breakdown (Futter et al., 2007) . These models are based on the flushing process (Boyer et al., 1994) and simulate DOC export that are dependent on hydrologic conditions but do not explicitly simulate vegetation growth, carbon allocation, and decomposition as a means to estimate the litter/soil carbon pool. Other models incorporate simple 1one-dimensional soil hydrology with plant growth and soil biogeochemistry. PnET-BGC (Gbondo-tugbawa, Driscoll, & Aber, 2001 ) coupled one-dimensional ecosystem and hydrologic models to simulate litter production and actual evapotranspiration/vegetation growth. DOCMOD (Currie & Aber, 1997) included different pools of litter and soil C/N ratio depending on vegetation species, and simulated different forest floor leachate quality and quantity. Neff and Asner (2001) included explicit DOC adsorption and desorption depending on soil type. However, these models typically run at monthly time steps, and focus on vertical transport without lateral soil water or groundwater dynamics. The TRIPKEX-DOC model (Wu et al., 2014) simulates daily DOC, and is based on the Forest-DNDC model (Li et al., 2000) but does not account for the effect of lateral hydrological flow paths on transporting DOC to streams.
We use the Regional Hydro-Ecological Simulation System (RHESSys) that couples a distributed ecohydrologic model with a vegetation and soil water/carbon/nitrogen cycling and a vegetation carbon/nitrogen allocation model (Tague, Band, Kenworthy, & Tenebaum, 2010 ). The coupled model simulates DOC production from different pools of litter and soil characterized by C/N ratio and decay rates, along with transport to the stream through various hydrologic flow paths (Yang, 2013) . RHESSys has been used to study the impact of climate change and forest disturbance on hydrologic and ecosystem dynamics and biogeochemical cycling and export in various watersheds (Peng, Tague, & Jia, 2015; Kim et al., 2017; Morán-Tejeda et al., 2014; Hanan, D'Antonio, Roberts, & Schimel, 2016) . However, although RHESSys has been used for simulation of nitrogen cycling and export (Band, Tague, Groffman, & Belt, 2001) , prediction of stream DOC has been limited to the work of Yang (2013) in an urbanized New England watershed.
In this study, we propose three different model structures of RHESSys to explore and evaluate the hypotheses stated above on the impacts of interannual vegetation phenology and the connectivity between riparian zone and deep groundwater flux on streamflow and DOC dynamics in a forested headwater catchment. This study evaluates the impact of model structure including these interactions to explain observed streamflow and DOC dynamics and the model predictive uncertainty and physical realism (Son & Sivapalan, 2007) . In addition, we conduct regional sensitivity analysis (RSA) of hydrological parameters to identify sensitivity to streamflow predictions (Spear & Hornberger, 1980) and identify key measurements that could contribute to reducing the model parameter uncertainty.
| STUDY SITES AND METHODOLOGY

| Study sites
This study focuses on Biscuit Brook (9.2 km2, USGS gauge 01434025), a forest watershed located in the Neversink River Basin, part of the NYC water supply (Figure 1 , Table 1 ). Table 1 shows the watershed properties of interest. The land cover type is dominated by mixed northern hardwood forest consisting of American beech (Fagus grandifolia, 46%), red maple and sugar maple (Acer rubrum, and Acer saccharum, respectively, 21%), and yellow birch (Betula alleghaniensis, 21%;) (Driese, Reiners, Lovett, & Simkin, 2004) . Spruce 
| RHESSys
| RHESSys model description
RHESSys is a biophysically based, spatially explicit model that has the capacity to simulate climate and vegetation change impact and feedback between hydrologic processes and ecosystem carbon and nutrient cycling. RHESSys has extended a carbon cycling model adapted from BIOME-BGC (Thornton et al., 1998) , CENTURY litter and SOM decomposition and nutrient cycling model (Parton, Hartman, Ojima, & Schimel, 1998) , and vegetation allocation models (Dickinson & Shaikh, 1998; Landsberg & Waring, 1997) . RHESSys integrates forest ecosystem, hillslope hydrology, and DOC production, mobilization, and transport to the stream (Figure 2 ). Plant carbon is fixed from atmospheric CO 2 using the Farquhar equation (Farquhar, 1980 ) with a stomatal physiology adapted from Jarvis (1976) . Gross primary production is partitioned to net primary production, maintenance, and growth respiration and is allocated to leaf, stem, and root biomass at the forest stand level. Respiration is computed separately for different plant components (leaves, live/dead wood, and roots) as a function of biomass, nitrogen content, and air temperature.
RHESSys has four litter and soil pools with varying C/N ratio and decay rate in each pool, respectively (Table 2, Figure 2 ). Litter pools have two inputs, leaf fall/coarse wood debris and fine root turnover.
Depending on the vegetation species, the leaf and litter have different C/N ratio. Decomposition rate is a function of a specified maximum decomposition rate, soil moisture, soil temperature, and nitrogen availability. Higher organic matter mass and lability (lower C/N ratio) produce greater decomposition rates and increased DOC production.
DOC is released from organic matter, numerically predicted as a fixed fraction of mineralization (DOC production rate), during SOM and litter decomposition in the soil and forest floor. DOC can then be transported to streams by subsurface and surface flow (Figure 2 ), and transportable DOC is controlled by water table and distribution of available DOC pool with depth. Vertical distribution of available DOC is assumed to be exponentially distributed with depth (with a fixed DOC decay rate) and the shape of the vertical distribution is spatially uniform across the landscape. At this point, we do not differentiate among different forms or molecular weight of DOC components.
Mobilization and transport of DOC to stream depends on soil texture, canopy, microclimate, and hillslope flow path dynamics, including surface, subsurface flow, and deep groundwater flow. Lateral transport is assumed to be restricted to the saturated zone, and adsorption is simply represented as a retention of DOC in the transport phase within the saturated zone, with a function of a specified maximum adsorption rate, groundwater level, porosity, and bulk soil density.
Available DOC in deep groundwater is separated from shallow groundwater (saturation zone). A fixed percentage of infiltrated water is assumed to bypass the shallow groundwater zone to the deep groundwater storage to account for preferential flow through soil macropores and bedrock fractures. Therefore, part of surface DOC can travel through the soil column to the deep groundwater storage without soil DOC adsorption (Figure 2 ), and the amount of DOC bypassed to the groundwater is typically low in the model.
| Three model structures of RHESSys
We describe in more detail the three model structures of RHESSys ( Figure 3 ) discussed above to explore and test the effects of interannual hydroclimate-driven phenology and watershed hydrologic connectivity on DOC production and export. The first model (Model 1) assumes that the intra-annual vegetation phenology pattern is static from year to year with a fixed timing of green-up and senescence and delivery of deep groundwater directly to the stream channel without interaction with riparian zones (note that shallow groundwater transport through the riparian zones is simulated by a 2D subsurface flow model modified from Wigmosta, Vail, and Lettenmaier (1994) , described in Tague et al. (2010) .
In the second model (Model 2), vegetation adopted a dynamic phenology calculation to simulate inter-annual variation of intra-annual phenology pattern, that is, different timing of green-up and senescence every year, depending on environmental conditions. The dynamic phenology calculation uses the Growing Season Index (GSI) approach (Jolly, Nemani, & Running, 2005) with the timing of greenup and senescence calculated as a function of daily minimum temperature, day length, and vapour pressure deficit (VPD). GSI ranges from 0 to 1. Leaf onset date is calculated as the time when GSI exceeds 0.5 in the spring, and the leaf offset date is calculated as the time when GSI drops below 0.5 in the fall. When using dynamic phenology, parameter calibration is not required because an existing relationship to compute GSI (Jolly et al., 2005 ) is used. The equations and parameter values used to compute GSI are described in Supporting Information, but we note here that these model parameters are not calibrated.
As in Model 1, the second model delivers deep groundwater directly to the stream channels.
In addition to dynamic phenology, Model 3 includes connectivity between deep groundwater storage and riparian zone, in which deep groundwater transports through the riparian subsurface, maintaining higher subsurface flow to stream and shallower water table in the riparian zone, increasing saturation levels and soil moisture. In Biscuit Brook, it was observed that deep groundwater is disconnected with shallow groundwater in the summer and summer flow discharges from a deep flow system within bedrock fractures and bedding planes, explaining high observed summer NO − 3 when soil NO − 3 is low (Burns et al., 1998) . On the basis of this observation, we hypothesize that deep groundwater is flowing to the stream through the riparian zone.
In Model 3, a riparian zone is explicitly defined using the height above the nearest drainage (HAND) tool (Rennó et al., 2008) . The HAND tool TABLE 2 C/N ratios and decay rates assigned to four litter and soil carbon pools in RHESSys (Band et al., 2001) 
| RHESSys model set-up for Biscuit Brook
The three model structures for Biscuit Brook are built from the same input data; climate inputs (e.g., daily precipitation and daily minimum and maximum temperature), topography (i.e., DEM), and soil and vegetation maps. (e.g., solar radiation, VPD, and day lengths) are computed using a climate interpolation model (MT-CLIM, Running, Nemani, & Hungerford, 1987) . Vegetation species distribution was estimated by Driese et al. (2004) . Tree species are differentiated by maximum leaf stomatal conductivity, stomatal VPD closure, C/N ratio, and so forth. (Table S1 ). In this study, model calibration was completed in two steps, with the first step the estimation of hydrologic parameters in a static The value of the combination of the three accuracy (Equation 4) measures range from 0 to 1 with the perfect fit at 1.
where Q obs,i is the observed streamflow and Q sim,i is the simulated flow at any given time step (i), and Q obs and Q sim are the average of daily observed and simulated streamflow, respectively. 
| Model parameter sensitivity and uncertainty analysis
To account for model parameter uncertainty in predictions of streamflow and DOC concentration/fluxes, we used the generalized likelihood uncertainty estimation approach (Freer, Beven, & Ambroise, 1996) . Initially, 2,000 different snow and soil parameter sets are generated based on uniform distributions. The ranges of parameters are estimated based on previous RHESSys modelling studies (Son, Tague, & Hunsaker, 2016) . The behavioural parameter sets are selected from the combination of different snow and soil parameter sets based on streamflow accuracy. The behavioural parameters sets are defined as those yielding streamflow NSE and logNSE larger than 0.3 and PerErr less than ±15%. We also used RSA to identify the sensitive parameters among nine calibrated hydrologic parameters (Spear & Hornberger, 1980) . RSA is based on selected behavioural parameter sets and nonbehavioural parameters through streamflow calibration. By comparing the cumulative distribution of behavioural and nonbehavioural parameter sets, the Kolmogorov-Smirnov test is used to test the significance of model parameter sensitivity (p value < 0.05). To quantify the predictive uncertainty of modelled streamflow and DOC flux across selected behavioural parameter sets, we used
where U is predictive uncertainty, T is total simulation time (days), i is time (day), Q is simulated values (mm/day and kg-C/day), and 97.5% and 2.5% are 95% upper and lower uncertainty limits of predicted daily values across the model parameter uncertainty, respectively.
The model predictive uncertainty (Equation 5 ) is used as a diagnostic measure to evaluate the identifiability of the three model structures, similar to the approach of Son and Sivapalan (2007) . Increased model specification from Models 1-3 may increase the model predictive uncertainty, even though additional calibration parameters are not added. At same time, increased physical realism (Wagener, 2003) may also decrease the predictive uncertainty. Our modelling goal is to obtain a model structure with the best model performance, the least model predictive uncertainty, and greatest physical realism.
| Stream DOC predictions
Following calibration for streamflow, the three models are used to pre- and its loads across a broad range of sampling and watershed conditions (Hirsch, et al., 2010; Lee et al., 2016) .
| WRTDS estimation of DOC concentration and flux
Initially, we tested the performance of WRTDS in terms of DOC con- 
| RHESSys estimates of streamflow and model parameter sensitivity analysis
Model 1 with static vegetation mode was initially calibrated with measured daily streamflow. The calibration period is from 10/1/1992 to 09/30/1995, whereas the validation period is from 10/1/1996 to 09/30/2000. Figure 5 shows the comparison of Model 1 streamflow 95% confidence interval predictions with observations. The best prediction for log daily flow (logNSE = 0.68) was better than those for daily flow (NSE = 0.58), whereas weekly and seasonal patterns of streamflow were significantly better (NSE = 0.88 and 0.96, respectively; Table 3 ). Compared with the calibration periods, the model has lower daily streamflow accuracy in the validation period; maximum NSE is 0.42, and maximum logNSE is 0.67. Regarding streamflow volume error, Model 1 tends to more accurately capture streamflow in the validation period. Peak daily streamflow is underpredicted in fall and winter, with large error in the timing and magnitude of peak flow.
Streamflow in fall of 1992, 1993, and 1998 is underestimated, whereas fall streamflow in the other years was well captured. The underestimated peak flow in fall may be related to inter-annual forest phenologic behaviour or the accuracy of precipitation records. The error in winter flow may be due to poor partitioning of total precipitation into rain and snow. Given the use of climate observations from a station, 7.4 km outside the watershed and lack of snow data, it may be difficult to correct these model errors.
On the basis of the selected behavioural parameter sets, we estimated model parameter sensitivity (Freer et al., 1996) . In Model 1, the cumulative distribution of nonbehavioural parameters and behavioural parameters was compared ( Figure 6 ). The nonparametric Kolmogorov-Smirnov d-statistic was used to estimate significance.
The two snow parameters and four soil parameters (m, soil depth, gw1, and gw2) have significantly different distributions (p value < 0.05) with nonbehavioural parameter sets. These results suggest that streamflow predictions for Model 1 are sensitive to the two snow parameters and the four soil parameters. We also tested the sensitivity of model accuracy and distribution of selected parameter sets with number of calibration and found that highest streamflow accuracy was obtained using less than 1,000 calibrations and did not see difference of selected parameter sets when using more than 1,000 calibrations.
These results justify the use of 2,000 calibrations for selecting the behavioural parameter sets.
The hydrologic parameters of Models 2 and 3 were also calibrated and validated with measured streamflow (Tables S2 and S3 ). Overall, Models 2 and 3 showed slightly higher streamflow prediction accuracy than Model 1, especially in logNSE. The sensitivity analysis of Model 2
showed that three snow parameters (temperature threshold values, snow temperature melt coefficient, and snow energy deficit) and three soil parameters (vertical hydraulic conductivity, soil depth, and gw1) are sensitive. Model 3 had fewer sensitive parameters than Models 1 and 2; streamflow predictions are only sensitive to snow melt coefficient and gw1 parameters (Table S4 ).
3.3 | Effect of vegetation phenology and connectivity between deep groundwater and riparian zone on streamflow and DOC predictions The dynamic phenology used in this study is driven by using readily available climate data and did not require additional model calibration.
In this study, we used the predefined threshold values of each GSI (minimum temperature, VPD, and photo period) from Jolly et al. (2005) . Our modelling study added additional validation of GSI approach in terms of catchment hydrology and DOC dynamics. Based on our modelling result, it suggests that climate-driven phenology and ecohydrologic process model improves prediction of hydrologic and DOC processes under current conditions and has the potential to assess future climate conditions. Although our modelling results are specific to this small, forested watershed, we expect that similar impact can apply to deciduous mountain watersheds over a range of climate conditions. For example, Kim et al. (2018) showed that accounting for inter-annual phenology variation in a watershed model (Hayhoe et al., 2007 , Hwang et al., 2018 .
While accounting for variable phenology improved spring, summer, and fall streamflow and fall DOC predictions, Model 2 systematically underestimated summer DOC concentrations. Previous studies showed that connectivity between hillslope and riparian zones is important to capture DOC dynamics (Birkel, Soulsby, & Tetzlaff, 2014; Burns, Barnard, Gabor, McKnight, & Brooks, 2016; McGlynn & McDonnell, 2003) . We hypothesized that explicit routing from deep groundwater to riparian zone can elevate levels of summer DOC concentration by maintaining both production and flushing of DOC.
Connecting the deep groundwater to the riparian zone increased sum- . Saturated area maps can be a good proxy to determine the relative role of riparian zone and hillslope. Birkel et al. (2014) showed that the difference in DOC dynamics between two catchments in Scotland is explained by the distribution of saturated soils and available storage. The DOC quality data from different pools, sampled from soil and groundwater, respectively, can identify the DOC source in riparian and hillslope (Burns et al., 2016) .
| SUMMARY AND CONCLUSIONS
This study found that incorporating inter-annual variations in vegeta- we expect that intensified inter-annual climate variability will increase the importance of dynamic phenology component in ecohydrological models for prediction of hydrologic flux and nutrient export to streams in deciduous forest watersheds. In addition, our modelling approach may be useful for designing riparian zone management to maintain high quality of water in water supply systems.
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